1. Introduction {#s0005}
===============

Health insurance coverage facilitates access to preventive screenings and other essential health care services, and is linked to improved health outcomes ([@bb0145]; [@bb0005]; [@bb0175]; [@bb0090]). Thus, understanding how accurate documentation of this information is in the electronic health record (EHR), and identifying characteristics associated with accurate documentation, are critical. Research has in recent years increasingly used EHR data due to its widespread uptake ([@bb0140]; [@bb0110]) and rich, longitudinal, patient-level information. Validation of EHR data is therefore needed to confidently use it for health services research, as the data are collected for clinical and billing, not research, purposes. Previous studies have validated EHR data to assess preventive care, quality measure, risk stratification, and performance metrics, and for conducting health insurance surveillance ([@bb0095]; [@bb0010]; [@bb0120]; [@bb0100]; [@bb0080], [@bb0085]; [@bb0050]; [@bb0150]). For example, one study found that EHR data of influenza vaccination and cholesterol and cervical cancer screening rates had excellent agreement with Medicaid claims ([@bb0095]). Excellent insurance agreement between EHR and Medicaid data (i.e., the proportion of visits for which both EHR and Medicaid data denoted the same coverage) was also reported for pediatric health insurance information ([@bb0105]); however, this analysis did not examine agreement for adults, nor identify the multi-level factors associated with agreement. Medicaid continuity may differ between adults and children due to disparate eligibility and re-enrollment requirements ([@bb0115]) and dissimilar patterns of health care receipt. In addition, disease capture between EHR and claims data is impacted by number of visits and continuous health insurance ([@bb0160]; [@bb0025]); yet, little is known about factors associated with accurate capture of insurance coverage status in the EHR.

Many EHR systems cannot be linked to insurance enrollment records and only contain records of insurance status on the date of service. Therefore, it is critical to understand how well the health insurance information collected from the EHR corresponds to true enrollment status, and which characteristics are associated with accurate documentation. This study: (i) compares Medicaid insurance agreement between EHR data from a network of Oregon community health centers (CHCs) and Medicaid enrollment data (the 'gold standard') and (ii) describes characteristics associated with agreement. We hypothesized that health insurance information from the EHR would have excellent agreement with Medicaid enrollment data.

2. Methods {#s0010}
==========

2.1. Data sources {#s0015}
-----------------

This retrospective, observational study used EHR data from Oregon CHCs in the OCHIN, Inc. health information network, and Medicaid enrollment data (referred to as EHR data and Medicaid data, respectively). OCHIN hosts a single instance of the Epic© EHR (Epic Systems Inc., Verona, WI) ([@bb0030]) which contains comprehensive information on patient demographics, visit and clinic characteristics, billing and primary payer recorded at each visit. Primary payer information is collected by the front desk at each visit; however, it is limited to the date a patient receives services, and patients may be uncertain about their enrollment status. Medicaid enrollment data came from the Medicaid Management Information System of the Oregon Health Authority, and contain the actual date ranges of Medicaid coverage for individual patients. Patient-level linkages were created between the EHR dataset and the Medicaid dataset using each individual patient\'s Oregon Medicaid Identification (ID) number, a unique identifier appearing in both data sources. CHCs are a good setting for validation of Medicaid coverage in the EHR since the majority of their patients have Medicaid ([@bb0170]). Furthermore, CHCs commonly assist their patients with health insurance enrollment and retention ([@bb0135]), a unique function which supports the need for high-quality insurance coverage information in the EHR.

2.2. Study population and time period {#s0020}
-------------------------------------

We included patients aged 19--64 years with either an Oregon Medicaid ID or Medicaid insurance recorded in the OCHIN EHR with ≥1 billed health care visit (excluding dental) from 184 Oregon CHCs in the OCHIN network linked to state Medicaid records during the study time period (1/1/2013--12/31/2014). Patients were linked using their Oregon Medicaid ID, which appeared in both data sources. As this study spans the start of the Affordable Care Act (ACA) Medicaid expansion and Oregon expanded Medicaid up to 138% of the federal poverty level (FPL), we split the study time period for analyses into pre-ACA \[1/1/2013--12/31/2013 (N = 89,305 patients)\] and post-ACA \[1/1/2014--12/31/2014 (N = 109,883 patients)\]. We assessed the pre- and post-ACA time periods separately because we hypothesized that the dramatic increase in coverage due to the ACA (Oregon Medicaid enrollment increased 43.7% from 2013 to March 2014) ([@bb0130]) could impact agreement rates.

2.3. Visit- and patient-level outcomes {#s0025}
--------------------------------------

We considered two types of analyses commonly performed in health services research: visit- and patient-level. For visit-level analyses, we addressed whether EHR and Medicaid data denoted the same Medicaid insurance status at each visit. Patients could qualify for the study in one or both of the pre-/post-ACA time periods. Visit-level coverage was evaluated by two methods: 1) primary payer recorded at the visit (Medicaid or not Medicaid) from EHR data; and 2) enrollment dates from Medicaid data (visits were considered Medicaid if they fell between coverage start and end dates and not Medicaid if the visit was outside the coverage period).

For patient-level analyses, we addressed whether insurance cohorts (based on longitudinal insurance coverage patterns) agreed across the two data sources. We restricted inclusion in the insurance cohorts (described below) to patients who had ≥1 visit pre- and ≥1 visit post-ACA (N = 63,674 patients). Cohorts were identified separately using EHR data and Medicaid data utilizing definitions from prior studies ([@bb0175]; [@bb0055]):1)Continuously Medicaid: Medicaid recorded at all visits;2)Continuously not Medicaid: Medicaid not recorded at any visit (patients could have Medicare, private, VA/Military, worker\'s compensation, or no coverage);3)Gained Medicaid: Medicaid not recorded for all visits in 2013 and Medicaid recorded at all visits in 2014; and4)Discontinuously Medicaid: Any combination of visit coverage that did not follow the definitions above.

The primary outcome was agreement between EHR and Medicaid data in assigning patients to one of the four cohorts.

2.4. Covariates {#s0030}
---------------

The following EHR-derived covariates were hypothesized as potential influences on agreement and considered in analyses: patient demographics (sex, age, race, ethnicity, language, household income represented as % FPL, urban/rural, number of common chronic conditions, and number of encounters) ([@bb0160]), visit and provider types, and clinic-specific (department type and customers of OCHIN\'s billing service) characteristics. We included the following common chronic conditions assessed from diagnostic codes in the EHR: hypertension, diabetes, coronary artery disease, lipid disorder, and asthma/chronic obstructive pulmonary disorder.

2.5. Statistical analyses {#s0035}
-------------------------

For all analyses, we compared EHR data to the 'gold standard' of Medicaid data. For visit-level analyses, we calculated common statistical correspondence measures: agreement, prevalence-adjusted bias-adjusted kappa (PABAK), sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV). Agreement was defined as the proportion of visits in which both EHR and Medicaid data denoted the same coverage. PABAK agreement, which overcomes the limitation of kappa being highly dependent on prevalence, adjusts for the prevalence of the outcome and removes agreement expected due to chance ([@bb0015]). The range for low agreement is 0--0.40, moderate agreement is 0.41--0.60, substantial agreement is 0.61--0.79 and excellent agreement is 0.80--1.00 ([@bb0190]). As visits were clustered within patients, confidence intervals for all correspondence measures were estimated using nonparametric cluster bootstrapping with 5000 repeats ([@bb0045]).

To investigate characteristics associated with agreement in visit-level analyses, we used a two-stage logistic regression model that estimates odds ratios of agreement controlling for agreement due to chance ([@bb0165]). The first stage consisted of separate standard logistic regressions for EHR and Medicaid data. This stage estimated an offset utilized in the second stage to control for agreement due to chance. In the second stage, a single logistic regression model was performed.

For patient-level analyses, we produced a 4-by-4 cross-tabulation of insurance cohorts by data source and estimated agreement and kappa statistics. To investigate characteristics associated with agreement, we considered an extension of the two-stage logistic regression model described above for the insurance cohorts. The first stage consisted of separate multinomial logistic regression for each data source to obtain marginal probabilities of being assigned to a given cohort to estimate the offset needed to adjust for chance agreement. The second stage implemented the offsets into a single logistic regression model. For all analyses, we included the covariates listed above at both stages of the regression modeling and cluster bootstrapping with 5000 repeats to account for visits nested within patients and patients within clinics. Additional modeling details are in the Appendix.

Data were collected in 2016 and analyses performed during 2017--2018. Analyses were performed using R.v.3.2.5 (R Development Team). This study was approved by the Institutional Review Board at Oregon Health & Science University.

3. Results {#s0040}
==========

The total number of patients increased from 89,305 to 109,883 from pre- to post-ACA ([Table 1](#t0005){ref-type="table"}). Overall, patients in the study sample were predominantly female, white, non-Hispanic, in households earning ≤138% of the FPL, and received care in CHCs in urban areas. The majority of patients in the sample did not have documentation of common chronic medical conditions. Of the 468,699 visits pre-ACA, 62.6% had Medicaid coverage according to Medicaid data. The number of visits increased to 538,658 post-ACA, and Medicaid data indicated that 88.4% of those visits were covered by Medicaid.Table 1Characteristics of patients and visits.Table 1CharacteristicsStudy population for visit-level analysisStudy population for patient-level analysisPatient/visit characteristics for visits occurring in 2013Patient/visit characteristics for visits occurring in 2014Patient/visit characteristics for patients with visits in 2013 and 2014Patient demographicsN = 89,305N = 109,883N = 63,674Sex, N (%) Male29,562 (33.1)40,239 (36.6)20,726 (32.5) Female59,739 (66.9)69,638 (63.4)43,037 (67.5)Age, mean (SD)38.8 (12.8)38.7 (12.9)39.7 (12.6)Race, N (%) White74,382 (83.3)91,927 (83.7)53,757 (84.3) Black5109 (5.7)5601 (5.1)3500 (5.5) Other5730 (6.4)7035 (6.4)4050 (6.4) Unknown4084 (4.6)5320 (4.8)2457 (3.9)Ethnicity, N (%) Hispanic17,202 (19.3)19,646 (17.9)12,805 (20.1) Non-Hispanic69,137 (77.4)86,377 (78.6)49,396 (77.5) Unknown2966 (3.3)3860 (3.5)1563 (2.5)Preferred language, N (%) English71,656 (80.2)89,312 (81.3)50,758 (79.6) Spanish12,026 (13.5)13,277 (12.0)9182 (14.4) Other4850 (5.4)5746 (5.2)3488 (5.5) Unknown773 (0.9)1598 (1.5)336 (0.5)Federal poverty level, N (%) \>200%4169 (4.7)5113 (4.7)3037 (4.8) 139--200%5663 (6.3)7352 (6.7)4255 (6.6) \<139%73,651 (82.5)88,938 (80.9)52,780 (82.8) Missing5822 (6.5)8480 (7.7)3722 (5.8)Most frequented health center location, N (%) Urban80,858 (90.5)99,317 (90.4)57,230 (89.8) Rural8130 (9.1)10,129 (9.2)6305 (9.9) Missing317 (0.4)437 (0.4)229 (0.4)Number of visits, N (%) \<626,512 (29.7)45,530 (41.4)10,602 (16.6) 6--2045,776 (51.3)48,036 (43.7)37,303 (58.5) \>2017,017 (19.1)16,317 (14.8)15,859 (24.9)Number of chronic conditions, N (%) 052,493 (58.8)68,559 (62.4)33,998 (53.3) 119,694 (22.1)23,164 (21.1)15,412 (24.2) \>117,118 (19.2)18,160 (16.5)14,354 (22.5)  CharacteristicsStudy population for visit-level analysisStudy population for patient-level analysisPatient/visit characteristics for visits occurring in 2013Patient/visit characteristics for visits occurring in 2014Patient/visit characteristics for patients with visits in 2013 and 2014Visit types, NN = 468,699N = 538,658N = 751,224Number of visits covered by Medicaid, as reported by Medicaid data, N (%)293,208 (62.6)476,306 (88.4)556,055 (74.0)Number of visits that identified Medicaid, as reported by EHR, N (%)245,919 (52.5)409,340 (76.0)465,041 (61.9)Visit coverage type, as reported by EHR, N (%) Medicaid245,919 (52.5)409,340 (76.0)465,041 (61.9) Medicare48,140 (10.3)46,375 (8.6)82,146 (10.9) Private28,376 (6.1)23,500 (4.4)40,688 (5.4) Self-pay (no coverage)143,638 (30.6)56,575 (10.5)159, 208 (21.2)Visit type, N (%) Medical office visit320,194 (68.3)368,158 (68.3)515,467 (68.6) Obstetrics14,254 (3.0)13,033 (2.4)17,972 (2.4) Mental, behavioral, or case management38,047 (8.1)35,218 (6.5)56,712 (7.5) Lab, imaging, or immunization-only30,924 (6.6)39,819 (7.4)51,669 (6.9) All other types65,280 (13.9)82,430 (15.3)109,404 (14.6)Provider type, N (%) Medical Doctor172,963 (36.9)192,811 (35.8)279,694 (37.2) Mid-level provider158,351 (33.8)188,741 (35.0)249,865 (33.3) Mental health/behavioral health provider44,016 (9.4)41,166 (7.6)67,217 (8.9) Specialist11,380 (2.4)8575 (1.6)15,899 (2.1) Support staff/other72,105 (15.4)91,702 (17.0)121,186 (16.1)[^1]

3.1. Visit-level analyses {#s0045}
-------------------------

Measures of correspondence between EHR and Medicaid data at the visit-level had excellent agreement (\>0.80), PABAK (\>0.65), sensitivity (\>0.80), specificity (\>0.85), and PPV (\>0.95) both pre- and post-ACA ([Fig. 1](#f0005){ref-type="fig"}). Only specificity and NPV were different when comparing correspondence statistics pre- and post-ACA (both decreased post-ACA). We produced a histogram of clinic agreement for both periods demonstrating excellent agreement \>80% in most clinics (Appendix Fig. A.1).Fig. 1Measures of Medicaid coverage agreement between EHR and Medicaid data, stratified by pre- and post-Affordable Care Act (ACA) periods.Note: OCHIN health information network Epic© electronic health record (EHR) data are referred to as EHR data and Oregon Medicaid enrollment data are referred to as Medicaid data. Agreement is defined as total proportion of encounters in which EHR data denoted the same coverage status as the 'gold standard' (i.e., Medicaid data). PABAK adjusts kappa for differences in prevalence of the conditions and for bias between data sources. Sensitivity is the probability that EHR denoted coverage when the assumed gold standard also denoted coverage. Specificity is the probability that EHR correctly classified 'no Medicaid coverage' when the assumed gold standard also denotes no Medicaid coverage. PPV is the likelihood of a visit being covered by Medicaid when the gold standard denoted Medicaid coverage. NPV is the likelihood of an encounter not being covered by Medicaid when the gold standard denoted no Medicaid coverage. Data were collected in 2016 and analyzed 2017--2018.Fig. 1

At the visit-level ([Table 2](#t0010){ref-type="table"}), the odds of agreement were higher for males pre-ACA \[odds ratio (OR) = 1.14, 95% confidence interval (CI) = 1.07--1.23\] compared to females. The odds of agreement were lower for visits in rural compared to urban CHCs in pre-ACA (OR = 0.86, 95% CI = 0.78--0.94); however, this significant difference was no longer observed post-ACA (OR = 1.03, 95% CI = 0.96--1.10). All patients with non-English language preference saw lower odds of agreement both pre- and post-ACA than those with English language preference; odds were less pronounced post-ACA. Visits with missing income information had lower odds of agreement both pre-and post-ACA, while higher patient FPL was associated with greater odds of agreement post-ACA only. Miscellaneous and obstetrics visit types had lower odds of agreement compared to lab/imaging/immunization-only visits.Table 2Odds ratio of agreement between EHR and Medicaid data for *patient-*, *visit-*, and *clinic-level* characteristics associated with *visit-level* Medicaid coverage.Table 2CharacteristicsPre-ACA visits (1/1/2013--12/31/2013)Post-ACA visits (1/1/2014--12/31/2014)OR (95% CI)OR (95% CI)Patient demographics Sex FemaleRefRef Male**1.14** (**1.07**--**1.22**)1.03 (0.98--1.08) Age 19--29RefRef 30--39**1.13** (**1.05**--**1.22**)**1.12** (**1.07**--**1.18**) 40--49**1.35** (**1.25**--**1.49**)**1.14** (**1.06**--**1.22**) 50--64**1.22** (**1.11**--**1.33**)**1.21** (**1.14**--**1.30**) Race WhiteRefRef Black0.92 (0.80--1.06)0.99 (0.90--1.11) Other1.00 (0.88--1.16)0.98 (0.87--1.09) Unknown1.04 (0.92--1.18)0.98 (0.90--1.06) Ethnicity Non-HispanicRefRef Hispanic0.91 (0.81--1.02)1.02 (0.94--1.11) Unknown0.87 (0.71--1.11)0.88 (0.77--1.05) Language EnglishRefRef Spanish**0.45** (**0.40**--**0.50**)**0.79** (**0.71**--**0.86**) Other**0.78** (**0.66**--**0.92**)**0.81** (**0.72**--**0.91**) FPL \<139%RefRef 139--200%**1.23** (**1.10**--**1.40**)**1.44** (**1.32**--**1.57**) \>200%1.09 (0.96--1.24)**1.58** (**1.43**--**1.74**) Missing**0.44** (**0.40**--**0.48**)**0.90** (**0.84**--**0.98**) Urban UrbanRefRef Rural**0.86** (**0.78**--**0.93**)1.03 (0.96--1.10) Number of chronic conditions 0RefRef 1**1.11** (**1.03**--**1.19**)**1.07** (**1.01**--**1.14**) \>11.01 (0.93--1.11)**1.16** (**1.09**--**1.24**) No. of encounters \<6RefRef 6--200.97 (0.92--1.02)1.00 (0.96--1.04) \>20**0.69** (**0.65**--**0.74**)**0.92** (**0.87**--**0.97**)  Visit types Visit type Medical office visitRefRef Mental, behavioral, or case management**1.24** (**1.11**--**1.38**)1.03 (0.93--1.13) Misc.**0.77** (**0.72**--**0.83**)**0.82** (**0.78**--**0.87**) Lab, imaging, or immunization-only0.99 (0.91--1.09)**1.13** (**1.05**--**1.21**) Obstetrics**0.39** (**0.36**--**0.43**)0.90 (0.81--1.01) Provider type Medical doctorRefRef Mid-level provider**1.21** (**1.16**--**1.27**)1.03 (1.00--1.07) Mental health/behavior health provider0.94 (0.85--1.05)0.96 (0.87--1.05) Specialist**0.49** (**0.43**--**0.55**)**0.77** (**0.70**--**0.85**) Support staff/other**1.15** (**1.06**--**1.26**)**0.86** (**0.80**--**0.92**)  Clinic characteristics Department type Primary careRefRef Medical specialty**0.69** (**0.56**--**0.86**)**0.79** (**0.70**--**0.89**) Mental health**0.42** (**0.36**--**0.48**)**0.67** (**0.57**--**0.79**) Public health0.97 (0.82--1.20)1.04 (0.92--1.18) OCHIN billing service customer NoRefRef Yes**1.20** (**1.13**--**1.28**)**0.92** (**0.89**--**0.97**)[^2]

3.2. Patient-level analyses {#s0050}
---------------------------

Overall, patient-level analyses showed EHRs correctly classified 78.8% of the Continuously Medicaid cohort and 82.3% the Gained Medicaid cohort (Appendix Fig. A.2). The EHR was less able to accurately capture patients in the Continuously not Medicaid or Discontinuous Medicaid cohorts (43.7% and 41.5%, respectively). Nearly 30% of the Discontinuous Medicaid group (per Medicaid data) was reported as Continuously Medicaid in the EHR data, and over 50% of patients reported as Continuously not Medicaid in Medicaid data were reported as having Medicaid at some point in the EHR.

At the patient-level ([Fig. 2](#f0010){ref-type="fig"}), the odds of agreement between EHR and Medicaid data were lower for patients who were black, preferred Spanish language, preferred other (non-English, non-Spanish) language, missing FPL, and patients with \>5 encounters compared to their reference groups. We observed higher odds of agreement for patients in older age groups, with ≥138% of the FPL, with at least one chronic condition, seen in a primary care CHC, and whose clinic used billing services hosted by OCHIN.Fig. 2Odds ratios for patient and clinic factors associated with agreement on Medicaid coverage at the patient-level, between EHR and Medicaid data.Note: OCHIN health information network Epic© EHR data are referred to as EHR data and Oregon Medicaid enrollment data are referred to as Medicaid data. The number of chronic conditions ranged from 0 to 5 based on the following conditions: hypertension, diabetes, coronary artery disease, lipid disorder, and asthma/chronic obstructive pulmonary disorder. Data were collected in 2016 and analyzed 2017--2018.Fig. 2

4. Discussion {#s0055}
=============

EHR data are increasingly used for health services research; their growth and expansion have been suggested as a source for public health surveillance, preventive services outreach, and social determinants of health tracking and action planning ([@bb0065]; [@bb0155]; [@bb0180]). Therefore, it is important to ensure that the data are valid. In this study, we found excellent agreement between EHR and Medicaid data which confirms previous studies demonstrating the accuracy of EHR data for research ([@bb0175]; [@bb0120]; [@bb0080]; [@bb0105]; [@bb0155]; [@bb0125]), and expands confidence in EHR data for studies addressing adults and their Medicaid enrollment.

Our findings also support the conduct of research using EHR data in the CHC setting. As over 26 million patients, many of whom belong to vulnerable populations, are seen at CHCs ([@bb0170]), the use of EHR data for research may also be an important resource for population health planning and health equity initiatives moving forward. Correct insurance information in CHCs is also important as many CHCs offer insurance enrollment services to help their patients gain or maintain insurance ([@bb0135]; [@bb0070]; [@bb0020], [@bb0035]; [@bb0075]). We found that EHR and Medicaid data agreement varied with patient demographics, visit types, and clinic characteristics; agreement also varied by these characteristics depending on the time period. For example, patients living in rural areas pre-ACA had significantly lower odds of agreement than those living in urban areas; however, the difference was not significant post-ACA. It could be that the ACA had a larger impact on Medicaid coverage for those living in rural compared to urban areas ([@bb0185]) and this greater influx of enrollees in rural areas changed the odds of agreement post-ACA when compared to patients living in urban areas. Thus, despite excellent agreement, researchers and clinic staff should be aware of possible differences in coverage agreement based on patient demographics, visit types, and clinic characteristics, and clinicians should understand that the accuracy of their patients\' recorded data may also be affected by these factors. Because insurance status facilitates financial accessibility to preventive services ([@bb0100]), the accuracy of the data may also have profound impacts on a patient\'s ability to access essential preventive care.

Our finding that more visits were associated with decreased agreement does not follow prior disease-based analyses ([@bb0160]). Yet, health insurance can change at each visit whereas disease states often remain stable, and differences in agreement for patients with many visits may be related to a higher chance for error. The inaccuracies with patients at lower FPL may be a result of assumptions that all patients earning ≤138% FPL were insured by Medicaid, when some of these patients may not have been eligible for Medicaid or enrolled in Medicaid for other reasons.

While the Continuous Medicaid and Gained Medicaid groups had excellent agreement, the agreement was much lower in the Continuous not Medicaid and Discontinuous Medicaid groups. There are several potential reasons for this. Nearly 30% of the Discontinuous Medicaid group (per Medicaid data) was reported as Continuously Medicaid in the EHR data, likely because patients did not have health care visits while uninsured. Therefore, the EHR data would not have any record of the patient\'s insurance gap. Over 50% of patients reported as Continuously not Medicaid in Medicaid data were reported as having Medicaid at some point in the EHR. This difference in agreement could potentially stem from workflows that fail to accurately verify coverage for certain patients; insurance status and eligibility may not be documented uniformly across all patient groups, especially non-English speakers. Additional research is needed to understand whether these differences are due to workflow, insurer factors, or how coverage information is transmitted to clinics. Clinics could use these findings as the basis to explore other strategies for improving the accuracy of patient health insurance information in the EHR, such as building direct linkages with Medicaid and other payers to keep information accurate and even build reminder systems for patients whose coverage has lapsed or is nearing expiration ([@bb0070]; [@bb0040]; [@bb0060]). Because of the established link between preventive care and health insurance status, such efforts could substantially bolster the receipt of preventive care of economically vulnerable populations.

This study has limitations. Although our study included a large sample of patients from 184 CHCs, it was limited to one state and one networked EHR system. It is probable that other EHRs record health insurance information differently. State Medicaid programs also differ in eligibility and enrollment procedures. The methods we described here should be applied to other states and EHR systems with different populations and insurance types for wider applicability. Another limitation is that the selection criteria for patients may skew the population towards those with health insurance, as they have been observed to seek health care services more than those without coverage. However, CHCs see patients regardless of insurance status, so this effect may be smaller in the CHC setting than other health care settings.

5. Conclusion {#s0060}
=============

Community health center EHR data are a valid source of Medicaid coverage information. Despite excellent agreement, researchers and clinics should take into consideration differences in coverage agreement based on patient demographics, visit types, and clinic characteristics, and consider measures to further improve data accuracy to inform efforts to increase preventive screening rates and the delivery of other essential health care services.

Appendix A. Supplementary materials {#s0080}
===================================
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[^1]: Note: OCHIN health information network Epic© EHR data are referred to as EHR data and Oregon Medicaid enrollment data are referred to as Medicaid data. Demographics were extracted from EHR patient enrollment tables. The number of chronic conditions were determined from diagnosis codes in the patients\' medical record and ranged from 0 to 5 based on the following conditions: hypertension, diabetes, coronary artery disease, lipid disorder, and asthma/chronic obstructive pulmonary disorder. Visit type was grouped using primary level of service CPT codes (e.g., 99,201--99,205) and visit type as coded in the EHR. Provider types were extracted from EHR provider data. Data were collected in 2016 and analyzed 2017--2018.

[^2]: Note: OCHIN health information network Epic© EHR data are referred to as EHR data and Oregon Medicaid enrollment data are referred to as Medicaid data. Bolded numbers denote statistical significance. We used the following abbreviations: ACA = Affordable Care Act; OR = odds ratio; CI = confidence interval; Ref = reference category. OCHIN billing services is a business line that OCHIN offers to CHC members where OCHIN conduct all the billing needs on behalf of the CHC instead of doing it themselves. We hypothesized that this would equate to more uniform and expert billing & collection practices. Data were collected in 2016 and analyzed 2017--2018.
